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Design and research on pavement crack segmentation based on
convolutional neural network

LIU Yanning, ZHANG Guobao
(School of Automation, Southeast University, Nanjing 210000, China)

Abstract: Cracks are the most important type of pavement diseases, and the accurate crack segmentation is an
important decision basis for national preventive maintenance management of roads. To address the problem of
crack segmentation accuracy of existing models for pavement under complex background, an end-to-end crack
segmentation model based on convolutional neural network was proposed, which used a layered structure of
ConvNeXt encoder to extract multi-scale features. A pyramid pooling module was used to further obtain the
global priori features by the top layer of features, and the feature fusion was performed through a pyramid
structure with lateral connections and top-down. A weighted cross-entropy loss function was employed to
enhance the detection performance of model for the crack and background imbalance problem. In addition, a
crack dataset UCrack with 2 876 cracks covering multiple crack types and a wide range of backgrounds was
created to provide rich features for model learning. Experiments show that, compared with other best-
performing models, the model recall and F1 score on the UCrack test dataset are improved by 2.68% and
6.89%, respectively. The test on the CrackDataset dataset achieves recall of 85.68% and F1 score of 80.11%,
which implies that the model has better generalization capability and can cope with pavement crack
segmentation with complicated scenarios.

Key words: crack segmentation; convolutional neural network; encoder-decoder network; feature pyramid;

pyramid pooling
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Fig. 1 Algorithm process of pavement crack segmentation
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Table 3 Ablation study

M e ResNet ConvNeXt DUC PPM aAcc/% mAcc/% F1/% P/% RI%
1 y 97.43 87.39 76.38 77.25 75.54
2 \ 98.45 88.17 78.56 79.52 77.62
3 y J 98.49 90.18 78.06 75.08 81.28
4 y J 98.59 87.76 78.71 81.46 76.15
5 y J J 98.51 90.89 80.92 79.20 82.72
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Table 4 The test based on the established UCrack dataset

WHERAK  aAce/% mAce/% F1/%  Pl%  Ri%
959 98.49 86.95 7654 7859 74.60
1438 98.56 87.80 7781 7921 76.47
2876 98.51 90.89 8092 79.20 82.72

%5 CrackDataset X HFEE _LRIMIRXLER
Table 5 The test results on the CrackDataset dataset

WHFERANK  aAce/% mAce/% F1/%  P/%  RI%
959 96.99 90.44 7923 7592 82.84
1438 98.45 91.18 7813 7349 8339
2876 97.05 91.79  80.11 7522 85.68
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Table 6 The test results on training datasets with different scene coverage

EIES e NI S e aAcc//% mAcc/% F1/% P/% RI%
UCrack(959) UCrack 98.49 86.95 76.54 78.59 74.60
UCrack(959) CrackDataset 96.99 90.44 79.23 75.92 82.84

CrackDataset(621) UCrack 86.41 74.95 24.53 15.26 62.63
CrackDataset(621) CrackDataset 98.21 94.77 86.10 81.82 90.86
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Table 7 The test results on the dataset of models

78] plEw e aAcc//% mAcc/% F1/% Pl% RI% FPS
AR AR AL UCrack 98.51 90.89 80.92 79.20 82.72
CrackDataset 97.05 91.79 80.11 75.22 85.68 24
FCN UCrack 98.51 86.70 76.70 79.54 74.05
CrackDataset 96.98 86.27 74.85 75.65 74.07 >0
U-Net UCrack 98.52 87.33 77.10 78.92 75.35
CrackDataset 97.42 89.01 78.87 78.29 79.45 4
spent UCrack 98.54 85.86 76.61 81.48 72.29
CrackDataset 97.13 86.92 76.08 76.88 75.29 t7
DeepLaby3+ UCrack 98.60 87.61 78.24 80.80 75.83 .
CrackDataset 97.35 87.87 77.93 78.8 77.08
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Fig. 6 Test results of different types of data in UCrack
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